Abstract In this study we developed a methodology aimed at improving the assessment of interannual land cover dynamics from hard classified remotely sensed data in heterogeneous and resilient landscapes. The methodology is implemented for the Spanish Natural Park of Sierra de Ancares, where human interference during the last century has resulted in the destruction and fragmentation of the original land cover. We ran supervised classifications, with a maximum likelihood algorithm (Maxlike), on a temporal series of Landsat images (1991)(1992)(1993)(1994)(1995)(1996)(1997)(1998)(1999)(2000)(2001)(2002)(2003)(2004)(2005), followed by an uncertainty assessment using fuzzy classifications and confusion indices (CIs). This allowed us to show how much (and where) of the resulting maps contained a substantial amount of error, distinguishing data that might be useful to measure land change from data that are not particularly useful when applying a post-classification comparison methodology. In this way, we can detect true changes not skewed by the effects of uncertainty. Even if patterns of change were always coherent amongst years, they were more realistic after reducing uncertainty, in spite of a substantial decrease in the number of available pixels (i.e. unmasked by the method). We then computed land cover dynamics by means of a model specifically designed to determine the frequency of disturbances (mainly fire events) and the vegetation recovery time during the study period. Model outputs showed correlated landscape patterns at a broad scale and provided useful results to explore land cover change from pattern to process.
Introduction
Land cover mosaics are highly dynamic at varying spatio-temporal scales as a result of the contrasting effects of both anthropogenic and natural disturbances and vegetation recovery processes (Lambin et al. 2001; Burgi et al. 2004) . In human-dominated landscapes, disturbances such as fire Lozano et al. 2008) , deforestation or overgrazing (Rees et al. 2003; Duveiller et al. 2008) , in addition to processes as land abandonment (MacDonald et al. 2000; Rey Benayas et al. 2007) , drive the dynamics of land cover patterns. Therefore, during recent decades, an increasing number of spatially explicit methodologies have been developed to provide a better knowledge of past-to-present land cover changes at a regional scale (Stoorvogel and Antle 2001; Verburg et al. 2002) . Many of these methods are based on remote sensing (RS) techniques (Treitz and Rogan 2004; Roder et al. 2008) , since they provide regional data at different temporal scales with low collection effort. However, although RS has, in some cases, been presented as an easy tool for deriving land cover inventories, the images require the application of complex and laborious procedures, including pre-processing (for geometric, radiometric, atmospheric and topographic corrections) and classification tasks. The correct implementation of all these steps plays an important role in the reliability of the final characterizations (Fuller et al. 2003) .
The most commonly used land cover classifier is maximum likelihood (Maxlike) (Conese and Maselli 1992; Martin et al. 1998; Shalaby and Tateishi 2007) , which produces a hard classification based on simple statistical principles. This technique has an easy implementation, showing satisfactory results in different applications (Rogan et al. 2002; Carvalho et al. 2004 ). However, classifications derived from Maxlike often still result in an approximate error of 20% (Treitz and Rogan 2004; Liu et al. 2007 ). This level of misclassification may be acceptable if the study is carried out on a single image, but it may seriously affect land cover change studies based on multiple images. This problem would be particularly important when applying post-classification comparison methodologies (Pontius et al. 2004) , which are widely accepted by land use/land cover science/conservation planning communities in Europe (e.g. CORINE), in the United States (e.g. USGS Land Cover Trends) and even globally (e.g. United Nations REDD Program). It is, therefore, highly relevant to develop complementary techniques to evaluate and characterize misclassification (Stow 1999; Lewis et al. 2000; Langford et al. 2006 ) in order to improve the interpretation of the resulting information given to map users or land managers (Pressey et al. 2007) .
Since classifications remain simplifications of landscapes (Woodcock and Gopal 2000) , the product of image classification always contains an element of uncertainty (Steele et al. 1998; Metternicht 2003) . Moreover, as the sequence of land covers actually constitute a continuum, the assignment of a particular category to a pixel will always generate a certain degree of confusion (Lewis et al. 2000; Bradley and Mustard 2005) that must be evaluated (Wang and Howarth 1993) . This issue has been analysed previously, often on the basis of the fuzzy k-means classification (Foody 1996; Ahamed et al. 2000) , which is a well-established method used to map mixed units emerging in heterogeneous landscapes. However, although these techniques have been used in vegetation (Tapia et al. 2005) , soil (Burrough et al. 1997) , urban expansion (Zhang and Foody 1998) and forestry studies (Triepke et al. 2008 ), they have not been specifically applied in land cover dynamics assessment as presented in this study. In fact, most land cover change analyses found in the literature are based only on comparisons amongst a limited number of images over a larger period (Gautam et al. 2003; Cayuela et al. 2006; Xiao et al. 2006) . However, in changing human-dominated territories, processes which control landscape dynamics should be assessed on a yearly basis in order to detect all changes and avoid misunderstanding real landscape patterns (Díaz-Delgado and Pons 2001; Lloret et al. 2002; Wilson and Sader 2002) .
In this context, this study aims to determine interannual land cover changes in a Spanish Natural Park over a period of 14 years, by means of the application of a hard classification procedure on a temporal series of Landsat satellite imagery. In order to identify the pixels where classification and change detection were less accurate (because of the effect of uncertainty), we developed a methodology based on fuzzy classifications and confusion indices (CIs). Those pixels showing high confusion in the classification would then sequentially be excluded from the further land cover change analyses in order to evaluate the potential increase in reliability. Finally, to illustrate the approach, we analysed the series of land cover maps, at different levels of uncertainty, by means of a model specifically developed to assess the frequency of disturbances (mainly fire events) and vegetation recovery time.
Methods

Study area
La Sierra de Ancares is a Natural Park of the Province of León, at the Autonomous Region of Castilla y León (Spain) located at the western extreme of the Cantabrian Mountains. It covers approximately 100,000 ha, including two protected areas by the Nature 2000 Network (92/43/EEC): Sierra de Los Ancares and Alto Sil (Fig. 1) . Recently, it was also declared a UNESCO Biosphere Reserve to preserve outstanding ecological values, such as habitats suitable for brown bear (Ursus arctos) and capercaillie (Tetrao urogallus cantabricus). The elevation ranges from 600 to 2,200 m of altitude and coincides with moderate to steep relief. Climatically, the area is dominated by an Atlantic climate with a mean annual precipitation of 1,300 mm and a mean temperature of 8°C (Ninyerola et al. 2005) , although the lower altitudes show sub-Mediterranean characteristics.
Land cover experienced major changes in the past, and currently exhibits a fragmented pattern. Human Fig. 1 Images of the study area for the start and end years of the series (1991 and 2004) . a All pixels classified by maximum likelihood (CI 100). b, c 75 and 50% of the unmasked pixels after the application of the corresponding filters of confusion index (CI 75 and CI 50) , to reduce the uncertainty associated with misclassification Landscape Ecol (2010 Ecol ( ) 25:1385 Ecol ( -1404 Ecol ( 1387 interference during the last centuries has resulted in the destruction and reduction of the original forest cover, coinciding with extensive tree fellings from the 1940s to 1970s. During recent decades, the depopulation of rural areas has involved the disappearance of agriculture and livestock farming, reforestation and the invasion of old fields by shrubs and forests. Although pasture maintenance is not necessary under current forestry policies, deliberate burning is still continued. Burning takes place mainly during summer (from June to September) and is the main problem for wildlife maintenance, together with a significant mining industry, which is especially important in Alto Sil.
Input data and pre-processing
Fourteen Landsat TM and ETM? images were acquired on a yearly basis (from 1991 to 2004) for the study area (Table 1) . We selected most images from the end of summer to the beginning of autumn to allow for proper comparisons amongst them (avoiding major changes in vegetation phenology), and to ensure the collection of burned areas (fires mainly occur during late spring and summer), a minimum cloud cover and a relatively high sun elevation. Nevertheless, image availability and cloud presence compelled us to acquire three images from early June/July. In addition, a complementary digital elevation model (DEM) was developed following a stereo-matching technique from equidistant points derived from digital aerial photographs obtained in 2004, at a scale of 1:5,000. This DEM was resampled at a 30 m resolution to match the Landsat images. The DEM was validated with field data and its quality considered adequate. The same DEM has already been used successfully in other environmental studies (e.g. Lozano et al. 2008 Lozano et al. , 2010 . The RS images were geometrically corrected by means of a second-order polynomial (Pala and Pons 1995) using 60 groundcontrol points per image, producing an average root mean square positional error of 16 m. This method is effective in mountainous regions since it incorporates a DEM to allow close adjustment for topography. We applied the Nearest Neighbour Algorithm to keep the original values of pixels unchanged. The sub-pixel georectified images were then radiometrically corrected using the algorithms proposed by Markham and Barker (1987) and Moran et al. (1992) . The COST model (Chavez 1996) was applied for atmospheric correction. Down-welling transmittance values for bands five and seven were taken from Gilabert et al. (1994) , since their study area had similar atmospheric conditions to ours. Finally, a topographic correction was applied with the C correction model (Teillet 1986; Riaño et al. 2003) to compensate for different solar illuminations due to the mountainous character of the area. As each individual image was classified independently, we did not carry out a normalization of the time series. The methods and algorithms used for correcting the images were obtained from Lozano et al. (2008) .
Classification of satellite images
After several exploratory analyses for determining homogeneous land cover categories in the study area (i.e. regression and non-supervised classification followed by cluster analyses), a supervised classification using a Maxlike was conducted on a per-pixelbased approach, for each of the 14 available RS images. Seven major land cover classes were recognized: (1) Forests dominated by various species of oaks (Quercus pyrenaica, Q. robur and Q. petraea) or birches (Betula sp.), and riverside forests. (2) Meadows with hedges and farmlands in the valley bottoms.
(3) Shrublands and heathlands (Erica spp., (Jakubauskas et al. 1990 ) since they are likely to always be the dominant form of change in the study area over the timeframe investigated. (6) Water surfaces. (7) Urban patches (towns, villages and isolated farms). Water surfaces and urban patches were considered constant (and then digitized on-screen), because of their scarce representation (less that 1% of study area) and low values of change at a broad scale through the study period. Therefore, classification focussed on the five remaining change categories from the seven described before. It was based on: (i) bands 1-7 of the Landsat images, excluding thermal band 6 because of its different spatial resolution and spectral characteristics, not allowed by the models used in the radiometric correction; (ii) the Normalized Differenced Vegetation Index (NDVI) (Rouse et al. 1973 ) and the component ''greenness'' of the Tasselled Cap Transformation (Kauth and Thomas 1976) , as a measure of total photosynthesis and the productivity of vegetation; and (iii) elevation and slope, which allowed to obtain more accurate land cover maps when dealing with meadows (appearing in valley bottoms, i.e. flatter areas) and woodlands (occupying preferably higher altitudes and slopes). Training areas were identified on-screen using a seed pixel (region growing) approach (Lillesand et al. 2008) . A total of 200 ''clouds of pixels'' consisting of 50 pixels each (4.5 ha) were determined independently for each image, distributed throughout all environmental conditions. Furthermore, to ensure that all spectral classes (provided by the non-supervised classification) constituting each information class (land cover category) were statistically sampled, representing its spectral variability in the image, the number of areas per land cover unit increased with increasing heterogeneity (i.e. the nature of the information class sought) and the complexity of the geographic area under analysis (Lillesand et al. 2008) . Thus, forests accounted for the greatest number (100), whilst shrublands had 40 and meadows, rock outcrops and bare land categories accounted for 20 each. The selection was aided by using information derived from both field work accomplished during the year 2004 and high spatial resolution digital aerial photographs from years 1991, 1997, 2000 and 2004 at scales ranging from 1:30,000 to 1:5,000 (ITACYL 2004) . When no source of ground-truth information was available, visual training acquired during the image interpretation helped to develop the reference dataset (Chuvieco 2000) .
Accuracy and uncertainty
The problem of uncertainty in multi-temporal datasets
In assessing land cover change with multi-temporal datasets, a variety of factors influence the accuracy of the products through misregistration (i.e. differences in boundary locations or positional error) (Dai and Khorram 1998; Roy 2000) and misclassification (i.e. erroneous allocations made by conventional hard classifiers on mixed pixels, or classification error) (Cherrill and McClean 1995; Bradley and Mustard 2005) , as well as the interaction of both over time (Carmel et al. 2001; Burnicki et al. 2007 ). The effect of topography is also important, since a larger uncertainty has been associated with north-facing aspects and steeper slopes (Carmel 2004) , although this is only true for northern hemisphere areas at higher latitudes. Finally, radiometric and atmospheric effects can also affect classification accuracy (Carmel et al. 2001) , as atmospheric attenuation and sometimes the radiometer or its conditions may vary.
Irrespective of their origin, the spatial variability of uncertainty can be a major concern in change detection (Foody 2002 ). When multiple data-layers are involved (as occurs in a post-classification comparison methodology), the majority are spatially correlated at the boundaries of classes, i.e. the edges of land cover patches (Edwards and Lowell 1996; Steele et al. 1998 ). Nevertheless, due to nonstationarity, spatial variation of uncertainty could also be randomly distributed over the study area, caused by an environmental gradient of soil moisture, elevation (related to temperature) or slope, which may be related to patterns of land degradation and recovery. This uncertainty may cause entire patches of pixels to be misclassified, not just problems at the boundaries of landscape elements. Unfortunately, the confusion matrix and the accuracy metrics derived from it provide no information on the spatial distribution of the potential resulting error (Canters 1997; Steele et al. 1998) , which is crucial for proper interpretation (Pontius and Lippitt 2006) . Thus, together with the accuracy assessment, some kind of spatially explicit representation of the uncertainty of the classified maps would be useful for making reliable predictions about landscape dynamics. This article only focusses on the uncertainty introduced into the data by the characteristics of the land cover classes of interest, specifically resulting from spectral confusion and from image resolution (Lewis et al. 2000) . Other sources of uncertainty, such as positional uncertainty, are beyond the scope of this study.
Accuracy assessment of maps: ground information and confusion matrix
Only the accuracy of the land cover maps developed for 1991, 1997, 2000 and 2004 could be assessed because of the limited availability of ancillary data (field verification and digital aerial photographs), which provided the required ground information. An individual set of test data was developed for each year. To determine the test sampling unit for a pixelbased classification, Janssen and Van der Wel (1994) stated that individual pixels were the most appropriate dataset. Nevertheless, since pixels are uniform in shape and size and represent small areas in Landsat images (30 m), partitioning the mapped population into a finite, though large, number of sampling units, they are related to point sampling units. Thus, following a site-specific accuracy assessment procedure, a total of 300 testing points were selected for the years 1991 , the reference year for the image series, up to 1325 points were field-checked to assess the reliability of the results more rigorously. A stratified random sampling was applied to ensure that each class was represented by at least 50 points for collecting all the variability in the information classes. Points were selected using a 3 9 3 km moving window over the whole study area. Each accuracy assessment point was then examined to ensure that it did not fall within the associated class of interest's training regions; any point that did was replaced.
Testing points were used to construct confusion matrices (Congalton 1991) , using standard accuracy assessment methods (Stehman and Czaplewski 1998) . These provided a global summary of: (i) overall accuracy, or an overall measure of the quality of a map; (ii) producer's accuracy or omission errors, as a measure of real pixels not included in the correct land cover class; and (iii) user's accuracy or commission errors, a measure of the pixels erroneously classified as a particular land cover (Stehman 1997) . Some general level of accuracy is typically specified as a target against which the classification may be evaluated (Foody 2002) . In general terms, overall accuracies of 80-90% are commonly recommended (Thomlinson et al. 1999; Liu et al. 2007) , although this threshold actually depends on the complexity of the study area and the objectives of the work (Rogan et al. 2002) .
Additionally, official fire occurrence statistics available at the Regional Government of Castilla y León for the entire study period (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) were analysed to assess the actual contribution of fire events to the bare land category. The amount of burned area and the number of fire events per year (extracted from the official sources) was correlated with the area of bare land on the classified images, through a Spearman test for non-parametric data. The number of observations (n) was fourteen (one for each year of study period) and the unit of observation was the percentage of area burned and number of fire events for each point in time. Moreover, complementary fieldwork and visual analyses of the high spatial resolution digital photographs were carried out.
Uncertainty assessment of maps: fuzzy classification and confusion index
The likelihood rule assigns pixels to the land cover class with maximum membership probability, although they could have an almost equal probability of membership of another class (Lewis et al. 2000) , which defines the uncertainty associated with the classification process. To assess the uncertainty derived from these erroneous allocations made by conventional (hard) classifiers, a methodology based on fuzzy k-means memberships was applied to the classification results (Owen et al. 2006 ). This method yields membership probabilities for each of the land cover classes, which can be used to calculate a CI as a measure of classification uncertainty (Burrough et al. 1997) . The CI distinguishes subareas with high uncertainty due to class overlapping from those with low uncertainty (e.g. pure pixels), accepting that one pixel can belong to more than one class (Tapia et al. 2005) . In the fuzzy k-means classification, a measure of distances to the class centre (d c ) is calculated for each pixel. The similarity measure between the vector (x s ) (the characteristics at a particular pixel s, where characteristics refer to the digital values for each band included in the classification procedure for that particular pixel s) and the representative vector of the land cover class c (l c ) is determined by the normalized Euclidean distance as follows:
where sd i stands for the overall standard deviation of characteristic i, and n is the number of bands used in the classification procedure.
A small d c indicates that x is similar to the land cover class c, whereas a large d c indicates large differences. Using these distances, the fuzzy membership grade of one pixel for a suitability class c (p c ) is given by Eq. 2, where m is the number of land cover classes:
The confusion associated with the classification of a pixel can be expressed by the CI given in Eq. 3, where p c (max) is the membership value of the class with the maximum p c for that pixel and p c (max -1) is the second-largest membership value for the same pixel.
If one class clearly dominates above the others (CI approaches 0), there is little confusion in the classification process for that pixel. If CI approaches 1, then both p c -values are similar and there is confusion as to the land cover class to which the pixel certainly pertains.
For each of the 14 classified images, a map with the CI was calculated. Subsequently, in addition to the original land cover maps where all pixels were considered (CI 100 maps), we created land cover maps with 75% of the pixels which showed the lowest confusion index (CI 75 maps) and with 50% of these pixels (CI 50 maps). In this way, classification errors would be progressively masked from the map series as the method increases in accuracy and coherence (i.e. similarity) between images. Thus, more reliable land cover dynamics could be determined by using only those pixels classified with the lower uncertainty. These CI thresholds were arbitrarily selected for exploring the effects of uncertainty when assessing land dynamics. Others lower than 50% were not advisable to use, since they would implicate to retain less than half of the information (i.e. pixels) available in the images for the subsequent analyses.
All procedures were undertaken using ArcGIS 9.2 and Erdas IMAGINE 8.5.
Land cover dynamics
We first assessed the temporal evolution of the percentage of each land cover category for each year, running Spearman correlations between them. Then, land cover change was evaluated through postclassification comparison (Lambin 1999) . All pairwise images, considering all levels of uncertainty, were studied using transition matrices (Van Oort 2007), which allowed an assessment of the nature and rate of land cover changes. Although the application of spectral change comparison (Lozano et al. 2007 (Lozano et al. , 2008 (Lozano et al. , 2010 may avoid many of the uncertainties described above, it was discarded because it does not allow for categorizing the land cover classes of interest, which results suitable for creating basecartography, analysing territory dynamics and transferring results to land managers. Afterwards, the Spearman correlation between some changes was also assessed for each pair of years of study period. The unit of observation was the percentage of area changing between both maps. In addition, the most important changes were quantitatively validated. The amount of forest increase due to secondary succession (represented by the transitions between shrubland and forest) was compared with data available from the successive National Forestry Inventories of Spain (NFI) and the Regional Forest Atlas of Castilla and León (Gil Sánchez and Torre Antón 2007).
Moreover, the total burned area (represented by changes from all vegetated land covers to bare land) was compared with data extracted from the official fire occurrence statistics of the Regional Government, for the period 1991-2004. Analyses were carried out for the entire area at the three levels of uncertainty (CI 100, CI 75 and CI 50 maps).
Subsequently, we analysed land cover dynamics over the study period through the dataset of empirical observations (i.e. all the unmasked pixels of the classified images), by using a model specifically programmed by the authors. The model analyses the dynamics of each individual pixel and determines when, where and how often a particular land cover change takes place. This change includes two different categories: original land cover (LC i ), in year i, and new land cover after change (LC j ), in year j; with i, j representing 2 years of study period such as i \ j (in advance sequence i_j). A bigger number of land covers can be included in the model, creating more complex sequences where the same land cover remains constant during 2 years before and after change (e.g. LC i remaining constant in years i and i ? 1, followed by LC j in years j and j ? 1; with i, j representing 2 years of study period such as i ? 1 \ j; in advance sequence ii_jj). By using this information, the model also allows for the calculation of the duration of a particular change (e.g. the time it takes for a burned pixel to recover the original vegetation type). The output consists of a spatially explicit representation for each of the model parameters: (a) year of first and last land cover change occurrence, (b) number of times that a particular change occurs on the same pixel during study period, from an original land cover (LC i ) to another (LC j ) (or recurrence), and (c) duration of any particular land cover change, since the year it happens (appearing LC j ) until the year of recovery to the original land cover class (LC i ) (time for vegetation recovery). In this study, we applied the model on sequences i_j and ii_jj using two parameters: change recurrence and time for vegetation recovery. To investigate the effect of uncertainty, analyses were applied on CI 100, CI 75 and CI 50 maps. Only pixel-strings with observations for all years were included in the modelling frame. Thus, when any pixel on any map is eliminated by the uncertainty assessment, no observations for that particular location were considered in the analyses.
Results and discussion
Classification accuracy
Hard classification
All maps showed a common pattern of land cover for the whole temporal series, with different landscape elements spread out over a matrix of shrublands (Fig. 1a) . Due to its lower disturbance regime (mainly less fire events), Alto Sil is more extensively covered by forest than Sierra de Los Ancares, where isolated patches of mature forest have been relegated to head-water basins. Valley bottoms are associated with hedged meadows and farmlands, whilst bare land patches and rock outcrops appear scattered throughout the whole area, frequently mixed with fragmented heathlands at higher altitudes and on slopes. Table 2 provides the classification accuracy for the validation years. The overall accuracy was consistently above 80%. The highest values were found in 2000 and the lowest in 1991. These differences could be related to: (i) variation in the quality of calibration data and image sensors between years; (ii) confusion between real changes and phenological differences in vegetation, crop harvesting and changes in soil moisture within the same land cover type, associated with the acquisition date; (iii) limitations in the classification procedure due to the spectral overlapping between land covers (spectral uncertainty); (iv) geopositional errors or boundary allocation between adjacent categories (positional uncertainty). In general terms, the producer's accuracy was relatively lower in non-vegetated areas (where it was difficult to distinguish between rock outcrops and bare land) than in meadows, forests or shrublands. Nevertheless, this problem was expected given the difficulties of classifying land covers which share similar spectral response patterns from images corresponding to the dry season. Moreover, rock outcrop category aggregated a continuous gradation from non-vegetated surfaces to mixed heathlands on rocky places, which makes it difficult to identify pure patches. A similar problem appeared when classifying bare land, particularly in areas affected by fire events. In this case, there was confusion between recently burned areas, rock and shrublands, probably due to heterogeneous patterns in vegetation recovery after disturbance and fire severity (Díaz-Delgado et al. 2003; Lozano et al. 2007) . Even so, the area of bare land category during the study period was significantly correlated with the official data on both burned area (r 2 = 0.31, P \ 0.05; n = 14) and number of wildfires (r 2 = 0.35, P \ 0.05; n = 14). The relatively low values may be explained by the different extent to which data are related; whilst statistics refer to the whole municipalities, our area estimates correspond only to those parts of the municipalities included into the Natural Park. In turn, the user's accuracy showed similar patterns, especially in the overestimation of non-vegetated surfaces. In particular, large areas of bare land and rock outcrops appeared mixed because of spectral confusion. Forests and shrublands had, in general terms, the highest accuracy values, whilst meadows outside valleys were sometimes confused with forests or shrublands. 
Analysis of uncertainty
Confusion index maps (Fig. 2) showed clear regional differences across the study area. The highest confusion was associated with non-vegetated areas (i.e. rock outcrops and bare land) by the above-mentioned reasons, whilst forests and meadows had the lowest values and shrublands showed an intermediate situation (Fig. 1b, c) . The overall pattern of uncertainty was consistent for the whole temporal series, even if certain inter-annual differences were detected, corresponding to real land cover changes. But how to interpret this confusion index map? As an example, if a fire event occurs in 1 year in pixels classified as shrubland, these pixels will be certainly classified as bare land that year. Therefore, the CI of the map will be low. Nevertheless, after a period of time, depending on fire severity and vegetation recovery patterns, the spectral characteristics of these pixels vary, becoming closer to other categories (with herbaceous vegetation or even heathers), resulting in confusion. Thus, their CI value would increase, becoming closer to one, and the probability of being masked by the uncertainty assessment would also increase. Nevertheless, after reducing uncertainty, the area of bare land continued to be significantly correlated, even at higher values, with the official data on both burned area (r 2 = 0.36, P \ 0.05; n = 14) and number of wildfires (r 2 = 0.38, P \ 0.05; n = 14). Furthermore, complementary fieldwork and visual interpretation of aerial photographs provided an estimate that around 60% of the bare areas were related to fires and 40% to mines, quarries, shrub-clearings, as well as the effects of uncertainty.
The elimination of pixels with the higher values of CI increased the maps' accuracy (Table 3a) , although the number of available pixels decreased noticeably. Where the CI 100 maps had 86.75% of overall accuracy (mean value for the four validated years), CI 75 showed 89.75% and CI 50 reached 92.50%. As a result, we obtained maps composed of a lesser number of more reliable pixels spread throughout the area. Assuming temporal independence of error in individual classifications, the overall accuracy of a change map can be approximated by multiplying the individual accuracies of each classified image (Burnicki et al. 2007) . In this study, because of the limited availability of ground-based information sources, we only could assess three change maps (Table 3b) . In all cases, accuracy meaningfully increased after applying the CI, since the accuracy of the independent maps also increased. Consequently, the overall coherence (or similarity) of all pair-wise transition matrices increased after eliminating the most uncertain classified pixels from 78.70% (CI 100 maps) to 85.36% (CI 75 maps) and 92.12% (CI 50 maps). To clearly demonstrate the importance of considering uncertainty into the accuracy of the change maps, all land cover changes computed for 1999-2000 were presented in Fig. 4 . The full difference image (Fig. 4a) shows changes distributed all across the study area, affecting almost 25% of pixels of the whole map. Figure 4b , c, which represents an area more certainly classified, illustrates a diminishing amount of change (17 and 8% with CI 75 and CI 50 maps, respectively), giving a more realistic pattern. Nevertheless, the loss of information could imply an underestimation of the real amount of land change.
Trends of change in landscape patterns
Hard classification
The temporal evolution of land cover classes between 1991 and 2004 is presented in Figs. 1a and 3a. Global changes were gradual through the study period, with no major trends. Shrublands were, in all cases, the dominant land cover, reaching maximum values in 1992, 1994, 1997 and 2002 , which correlates with minima for non-vegetated areas (r 2 = -0.59, P \ 0.01; n = 14). Even with the appearance of new mining and quarries since 1995 in Alto Sil, bare land slightly decreased through the years (r 2 = -0.37, P \ 0.05; n = 14), probably because the widespread occurrence of fire events diminished and burned areas were quickly colonized by heather communities. Forest cover was detected as relatively Analyses were done with all pixels classified by maximum likelihood (CI 100) and after the application of the corresponding filters of confusion index (CI 75 and CI 50), to eliminate the uncertainty associated with misclassification higher in 1994 and 1999, probably due to the effect of the date of image acquisition (beginning of June and July, when the consequences of summer drought were less visible on vegetation). Hedged meadows and farmlands were the most stable land cover type, showing variations of around 1% between years. Table 4 (CI 100) shows that 21.3% of the area changed land cover every year (on average for the study period), with different rates of gains and losses between land covers. Six major changes accounted for 78.2% of the computed transitions. They affected the following categories, in both directions of change: (i) forests and shrublands, related with successional processes affecting mixed pixels (located on diffuse boundaries and abandoned areas); (ii) shrubland and rock outcrops, associated with rapid recovery of vegetation after disturbance and spectral uncertainty in sparse heathlands, and (iii) shrublands and bare land, where mainly wildfires cause vegetation losses over large areas, followed by the subsequent recovery. We also detected some unlikely changes, such as the transition from rock outcrops to forest, which were probably related to positional errors between consecutive years. It must be highlighted that our approach for studying land cover dynamics is not able to differentiate within-class modifications, as those Percentage of constant land cover is shown in parentheses and major changes in bold. Averaged gains and losses, as percentage of the area, are also shown associated with senescence in oaks in dry time periods or low burn severity. Table 4 (CI 100) shows that changes between shrubland and forest occur yearly, as average, across 3.73% of study area. Nevertheless, several studies have shown that in Central Western Spain the forested area has increased 30,000 ha year -1 over the last three decades (Gil Sánchez and Torre Antón 2007) . Applying these data to the Province of León, it gives a growth rate of 1.94% per year. This change was also analysed comparing the maps from the First (1966) and Third (2006) National Forestry Inventories of Spain (NFI). The comparison showed that approximately only 0.50% of the area was converted to forest each year, which is a more reliable measure. Furthermore, Table 4 (CI 100) gives a mean value for the area burned per year of 3% (changes from vegetated land covers to bare land). By contrast, official fire statistics indicate that 1.98% of study area was burned each year, as an average for study period. These differences between our results and the reference data lead us to suggest that the amount of change could be overestimated when based on the CI 100 maps. It is also interesting to point out that although governmental reports could not be completely accurate, they were found as advisable to use for validating our results.
Analysis of uncertainty
Figures 1b, c and 3b, c show that, after the application of filters based on CIs, the regional pattern of land cover remained similar, even if the number of available (unmasked) pixels decreased. However, more marked maxima and minima are evident in Fig. 3b, c . The ''noise'' introduced by the uncertainty disappears after applying CI, and the maps show a landscape pattern in accordance with the phenological status of the vegetation. For example, as the image available for 1994 corresponds to the beginning of June (when forest canopy is not completely developed), it causes high confusion between forest and shrubland. After reducing uncertainty (corresponding mainly with pixels of forest), shrublands became more abundant.
The average transition matrices (Table 4 , CI 75 and CI 50) showed less change after filtering the uncertainty (14.61 and 7.84% of the unmasked area with CI 75 and CI 50 maps, respectively). The six major changes accounted for 81.4% of the total change with CI 75 maps, reaching 85.7% with CI 50, whilst unlikely transitions were almost absent. Moreover, changes from shrubland to forests and those related to fire events decrease in extent when analysing CI 75 and CI 50 maps. Thus, results corresponded more with the forest growth rates given by NFI and Gil Sánchez and Torre Antón (2007) and the mean burned area extracted from the official fire statistics. Equally, the spatial pattern of changes was more realistic after reducing uncertainty, as explained previously (see Fig. 4 ). Nevertheless, against the benefits of this approach, an excessive loss of pixels after applying CI thresholds could imply an underestimation of the extent of real changes, which are known to have occurred. If the vast majority of the study area is masked due to uncertainty, then the data are probably not sufficient to estimate land change, which is important information to know.
Despite these differences in area estimates, the rate of change in relation to the unmasked area (i.e. all, 75 and 50% of pixels) was coherent for all the analyses. As an example, Fig. 5a illustrates how the change from shrubland to bare land was significantly consistent as detected by CI 100, CI 75 and CI 50 maps (r 2 [ 0.9, P \ 0.01; n = 13). Inversely, Fig. 5b shows the change from bare land to shrubland (vegetation recovery after disturbance). Again, the percentages provided by CI 100 maps were significantly correlated (r 2 [ 0.36, P \ 0.01; n = 13) with CI 75 and CI 50 maps. Nevertheless, differences in the area affected, prompted by the uncertainty assessment, were more important here than in Fig. 5a . After one fire event, if the vegetation has time enough to recover until a certain level of biomass before the date of image acquisition, it will result in confusion. Thus, the most uncertainly classified pixels on CI 100 maps will be eliminated, and the changing area will be smaller. On the other hand, analysing both figures together, quick recuperations appear after burning maxima (e.g. in 1994-1995) , with rapid and high recovery rates during the subsequent 2 years (e.g. during 1995-1996 and 1996-1997) . In fact, high correlations were found between fire events in shrublands at time i and vegetation recovery at time i ? 1 and i ? 2 (r 2 [ 0.56, P \ 0.01; n = 13). This indicates a short recovery period (i.e. 1-2 years) after fire, in accordance with previous studies nearby (e.g. Calvo et al. 2002; Lozano et al. 2007 ).
Landscape dynamics modelling
Modelling landscape dynamics identified ''hot spots'' affected by recurrence of disturbances and vegetation recovery patterns, which were also visible at a broad scale after applying confusion filters (Fig. 6 ). There were large differences throughout the area. Some areas with high resilience and a long history of anthropogenic disturbances, such as communities dominated by Erica australis, only needed 1 or 2 years to recover after a fire event , whilst others required more time. Whatever the reason for change, these differences might be related not only to patterns of fire recurrence and severity, or the previous stage of vegetation, but also to human factors, site history, climate and soil characteristics, which determinate the availability of nutrients, organic matter and other properties (Vicente-Serrano et al. 2004; Roder et al. 2008; Serra et al. 2008) . These driving factors are the most compelling research issues to investigate for modelling future landscape dynamics in the area. Furthermore, it has been considered that disturbances on shrub vegetation are stand-replacing only, whilst many shrub types after a wildfire, at low/medium severity, are only scorched. When stand-replacement occurs, at high severity, it may be so localized that it only occupies less than half of a pixel. The localspatially varying nature of vegetation consumption in the study area could be analysed by means of spectral change comparison (e.g. change in a vegetation index, albedo or wetness index) to isolate recurring disturbances and analyse the effects of fire (Lozano et al. 2010) , but this is outside of the scope of this study. Table 5 provides disturbance recurrence and recovery rates for the four most relevant changes defined in Table 4 (i.e. transitions between forestshrubland, and shrubland-bare land, in both directions of change), which have been analysed in this section. In general, the recurrence values varied between one and two. When the changes were analysed after filtering uncertainty (therefore reducing possible errors), or with ii_jj sequences (where the same land cover remain during 2 years before and after change), the recurrence values decreased significantly, showing a value of 1 with a low standard deviation. This could be explained by different reasons, depending on the change analysed. The transition from forest to shrubland represents the most important change in terms of extent (see Table 4 ). It was strongly related to misclassification effects in mixed pixels, where ecological succession is likely to occur. When uncertainty is reduced, the Fig. 4 Change image between 1999 and 2000. a All pixels classified by maximum likelihood (CI 100). b, c 75 and 50% of the pixels remaining after the application of the corresponding filters of confusion index (CI 75 and CI 50) , to mask the uncertainty associated with misclassification recurrence of change decreased. On the other hand, the recurrence of change from shrubland to bare land may be interpreted as follows: (i) the majority of pixels classified as shrubland change to bare land only once or possibly twice during the study period (because of fire events and vegetation clearings), and (ii) if shrub vegetation is eliminated by perturbations such as mines and quarries, it never recovers, so the recurrence of change is one, with no uncertainty.
In terms of vegetation recovery, results were more heterogeneous. Even after filtering uncertainty and analysing ii_jj sequences, the results of the change between shrublands and forests were moderately realistic (e.g. a shrubland would need more than 4 years to evolve into a forest). Further research is needed in the study area for analysing this land cover change at a more detailed spatial scale. A comprehensive explanation for the processes leading to land use and cover changes can only be achieved by combining observations from different approaches. By contrast, changes from bare land to shrubland gave interesting information. Working with sequences i_j, bare land needed around 2 years to return to shrubland, with and without reducing classification uncertainty. However, as Fig. 6b shows, different situations may occur, ranging from a recovery time of 1 year (e.g. areas where a small fire or in general low-severe disturbance occurred) to 13 years (i.e. mines and quarries established in areas initially covered by shrubs, which never recover along study period). Furthermore, an interesting effect appeared when more complex trajectories were explored (ii_jj sequences). When bare land category persisted in the same place for more than 1 year (two in this particular case), it is supposed that the disturbance which initially eliminated the vegetation was more severe or that consecutive disturbances occurred in a continuous basis (i.e. higher recurrence of fire events). This will affect soil properties and, thus, it will potentially increase the time needed for vegetation recovery. Whilst 2.17 years were required on CI 100 maps with i_j sequences, 4.05 years were needed in ii_jj trajectories. This situation has been demonstrated in previous studies using other methodologies , 2003 , although the time required for recovery may also be related to the level of complexity in the community affected by the disturbance .
General discussion
Our results showed that vegetation has started to recover in most of chronically disturbed areas, although wildfires continue to occur. At a global level, the rate of change decreased over time and a slow but continuous homogenization of landscape occurred, even if natural and socioeconomic driving factors have not acted with the same intensity and direction of change over the whole area. Although the method does not eliminate uncertainty entirely, the patterns of land cover change were more realistic (in accordance to field checking and official statistics) after applying filters to the classified images based on CI thresholds. However, the number of available pixels decreased as those with the higher uncertainty were removed. Consequently, the accuracy and coherence (i.e. similarity) of the classified images increased substantially. This evidence is highly important for measuring land dynamics in heterogeneous and resilient landscapes, using temporal sequences of remotely sensed imagery (Roy 2000) . If the datasets are not accurately coregistered or misclassification errors significantly exaggerate or alternatively mask change, the assessment of thematic accuracy would be hampered (Foody 2002) , and any difference observed over time may not be attributable solely, if at all, to real change on the ground (Pontius and Lippitt 2006) . In fact, a key concern is that thematic maps derived from remotely sensed data are often judged to be of insufficient quality for operational applications (Foody 2002) , and usually the uncertainty tends to be poorly communicated to the user (van Oort 2007; Shao and Wu 2008) . Nevertheless, despite the benefits of the approach, it is not able to detect whether some of the eliminated pixels are largely areas of true land cover change, but only if they contain a substantial amount of error to be useful to measure land cover change. In some cases, there might be so much uncertainty that the method would mask most of the map; whilst in others, it might be so little uncertainty that a very small portion of the map would become masked. In this way, an excessive loss of pixels could make change detection difficult, so underestimating real land cover changes, whilst the direct use of hard classifications could overestimate its magnitude. Thus, since land cover transitions are sensitive to the elimination of pixels that are highly uncertain, their elimination requires extreme caution (Story and Congalton 1986) . Although the overall accuracy of confusion and transition matrices might be high enough to detect real changes between consecutive years, without increasing the effects due to errors (Fuller et al. 2003) , this will always depend on the complexity of study area (Rogan et al. 2002) and the objectives of the analysis (Janssen and van der Wel 1994; Canters 1997) .
Conclusions
The application of uncertainty analyses to high temporal resolution image series (at an annual scale) provides a useful tool to describe land cover dynamics in heterogeneous and resilient landscapes, which are affected by recurrent disturbances (such as fire events). First, when studies on landscape change are carried out on the basis of simple classification products derived from few images spread over time, landscape dynamics could be misdetected, and therefore, linking patterns to processes may became unreliable. The rapid vegetation recoveries after fire found in the study area would not be detected if the image data were not available for every year. Secondly, if the research question does not go beyond determining the nature of general changes or trends, the analysis of aggregated values obtained directly from Maxlike would be an acceptable choice, on the basis of the consistent trends obtained with and without the analysis of uncertainty. Nevertheless, when analysing the rate of change, frequency of disturbances (recurrence) or vegetation recovery times, the effects of uncertainty must be reduced to obtain trustworthy results. In this case, working directly with the hard-classified images could seriously hamper our understanding of reality.
Secure interpretation requires that the reader be cognizant with what the proposed methods can and cannot accomplish. Although an excessive loss of pixels (or information) hampers the accurate assessment of land cover change on the ground, the approach, however, eliminates false positives and negatives (i.e. possible errors) and determines where a particular transition takes place with higher levels of reliability. On the one hand, CI 100 maps contain all land cover changes in the study area, but are severely affected by large areas of error. By contrast, CI 75 and CI 50 maps can eliminate the majority of error as well as real changes, if conversions occur where the maps tend to be uncertain. Following this approach, and given information concerning the maps and their possible errors, our method could quantify whether it is possible to determine the amount of change on the ground. This requires work directed towards the search for a suitable CI threshold that provides some level of equilibrium, maximizing the real land cover change and minimizing the sources of error and uncertainty, by comparing results with reliable sources of ground information.
